Background: MicroRNAs (miRNAs) are a significant type of non-coding RNAs, which usually were encoded by endogenous genes with about~22 nt nucleotides. Accumulating biological experiments have shown that miRNAs have close associations with various human diseases. Although traditional experimental methods achieve great successes in miRNA-disease interaction identification, these methods also have some limitations. Therefore, it is necessary to develop computational method to predict miRNA-disease interactions. Methods: Here, we propose a computational framework (MDVSI) to predict interactions between miRNAs and diseases by integrating miRNA topological similarity and functional similarity. Firstly, the CosRA index is utilized to measure miRNA similarity based on network topological feature. Then, in order to enhance the reliability of miRNA similarity, the functional similarity and CosRA similarity are integrated based on linear weight method. Further, the potential miRNA-disease associations are predicted by using recommendation method. In addition, in order to overcome limitation of recommendation method, for new disease, a new strategy is proposed to predict potential interactions between miRNAs and new disease based on disease functional similarity. Results: To evaluate the performance of different methods, we conduct ten-fold cross validation and de novo test in experiment and compare MDVSI with two the-state-of-art methods. The experimental result shows that MDVSI achieves an AUC of 0.91, which is at least 0.012 higher than other compared methods. Conclusions: In summary, we propose a computational framework (MDSVI) for miRNA-disease interaction prediction. The experiment results demonstrate that it outperforms other the-state-of-the-art methods. Case study shows that it can effectively identify potential miRNA-disease interactions.
INTRODUCTION
MiRNAs are a class of non-coding small RNAs with 20 to 25 nucleotides in length, which play important roles in various biological processes such as cell proliferation, cell differentiation, cell aging, cell development [1] . The biogenesis of miRNA is like that: firstly, the primary miRNA (pri-miRNA) is generally transcribed from introns (or host gene) by RNA polymerase II. Then, the pri-miRNA will be processed into the precursor miRNA (pre-miRNA) with about 60 nucleotides in length by Drosha nuclease [2] . Further, the pre-miRNA is transported to the cytoplasm by Exportin-5. Finally, the mature miRNA, which can target the mRNA to regulate the expression of gene, is formed from pre-miRNA with RNase III enzyme. During the past decades, increasing studies have shown that miRNAs have close relationships with various human diseases such as breast cancer [3] , liver cancer [4] , and gastric carcinoma [5] . Therefore, identifying associations between miRNAs and diseases may contribute to uncover the pathogenesis of human diseases.
Since the first discovery of miRNA (lin-4) about 30 years ago, many miRNAs have been identified based on experimental methods [6] . However, these methods are time consuming and expensive. In order to overcome these limitations, some computational methods have been proposed to predict miRNA-disease associations [7] [8] [9] [10] [11] . Jiang et al. [12] proposed a computational model based on hypergeometric distribution to predict miRNA-disease association by integrating the miRNA functional similarity, disease phenotype similarity network and known miRNA-disease associations. Xuan et al. [13] presented a computational method named HDMP, to discover the relationships of miRNAs and diseases based on weighted k most similar neighbors. This method calculated the functional similarity by integrating the similarity of information content of disease terms and phenotype similarity between diseases. Mørk et al. [14] developed an approach called miRPD to predict disease-related miR-NAs. Chen et al. [15] introduced regularized least squares to discover the potential relationships between miRNAs and diseases. Peng et al. [16] presented a new method to predict miRNA-disease association by integrating micro-RNA, disease, gene and environment factor networks. Yan et al. [17] proposed a computational approach based on logistic matrix factorization to identify interactions between miRNAs and diseases. Luo et al. [18] developed a computational approach based on unbalanced birandom walk for predicting microRNA-disease associations. Lan et al. [19] utilized kernelized Bayesian matrix factorization method to infer potential miRNA-disease associations by computing sequence and functional similarity of miRNA, semantic similarity of disease. Liu et al. [20] presented a computational method to predict miRNA-disease interactions based on random walk. Zou et al. [21] proposed two methods, KATZ and CATA-PULT, to identify potential miRNA-disease associations based on known similarity network analysis. Although all these existing methods have achieved great successes, the predicting accuracy still needs to be improved.
In this paper, we propose a computational framework to predict associations between miRNAs and diseases based on recommendation method. Firstly, the miRNA-miRNA similarity is calculated based on miRNA-disease topological feature and miRNA functional information. The disease-disease similarity is calculated based on diseasegene association. Then, the miRNA similarities are integrated to improve the reliability of miRNA similarity. Further, the potential miRNA-disease associations are predicted by using recommendation method. In addition, to over the limitation of existing recommendation method, a method is proposed for identifying interactions between miRNAs and new disease. In order to evaluate the performance of our method, the ten-fold cross validation and de novo test are implemented in experiment. We compare our method with other two the-stateof-the-art methods in term of AUC. The experimental results demonstrate that our method outperform other methods in prediction performance. The case study shows that our method can effectively identify potential miRNAdisease associations.
RESULTS

Evaluation
In this paper, ten-fold cross-validation and de novo test are utilized to evaluate the performance of our method. In the ten-fold cross-validation, all known miRNA-disease interactions are randomly divided into ten folds. For each cross validation round, one subset is treated as test samples and the rest nine subsets are regarded as training samples. After completing the test, predicted scores are generated. Then, we rank test samples and unknown miRNA-disease interactions. The corresponding predicted result of test samples is considered as true positive (TP) when the predicted relevance score is greater than the threshold. Otherwise, considered as false negative (FN). Similar, for the unknown miRNA-disease interactions, the corresponding predicted result consider as false positive (FP) when the predicted relevance score is greater than the threshold. Otherwise, considered as true negative (TN). Then, FPR (false positive rates) and TPR (true positive rates) are calculated as follow:
Finally, the receiver operating characteristic (ROC) curve is drew and the area under the ROC curve (AUC) is calculated to evaluate the performance of method. The higher AUC value is, the better performance is.
Comparison with different predicted methods using ten-fold cross validation
We compare MDVSI with two the-state-of-the-art algorithms (LRLSLDA [15] and BRWH [18] ). The result is shown in Figure 1 . It can be observed from Figure 1 that MDVSI, LRLSLDA and BRWH achieve AUC of 0.9346, 0.9069 and 0.8393, respectively. It demonstrates that MDVSI outperforms other two methods in the prediction performance.
Comparison with different predicted methods using de novo test
To evaluate the ability of MDVSI in predicting interactions between miRNAs and new diseases, we conduct the de novo test here. In the de novo test, all the known miRNA-disease associations of one disease are removed. Then, the interactions are predicted by prediction method. It can be found in Figure 2 that MDVSI achieves AUC of 0.7468 which is 0.003 and 0.01 higher than LRLSLDA and BRWH, respectively. It demonstrates that MDVSI is an effective method for predicting interactions between new disease and miRNAs.
The effect of parameter β
We also test the effect of parameter β, which is used to balance the miRNA topological similarity and miRNA functional similarity in miRNA similarity integration process. The result is shown in the Table 1 . It is easy to find that the MDVSI achieves the best performance in experimental result when β = 0.5.
The effect of parameter k
In order to test the effect of parameter k, which is used to selecte the predicted interactions between miRNAs and new disease. The result is shown in the Table 2 . It can be concluded that our method achieves the best performance when k ranges from 17 to 19.
Case studies
In order to validate the reliability of miRNAs predicted by our MDVSI, we select two important human cancers (lung cancer and breast cancer) as two case studies. We choose the top 50 predicted miRNAs of breast cancer and lung cancer, respectively. Then, we confirm these miRNAs by consulting databases and recent literatures. Lung cancer is a kind of high death rate cancer for human. It has been proved that miRNAs have important roles in lung cancer. For example, the expression of miRNAs (has-miR-205, has-miR-19a, has-miR-19b, has-miR-30b and has-miR-20a) decreased strikingly after lung SCC surgery [22] . The top-50 predicted miRNAs related with lung cancer are shown in Table 3 . It can be approved that 46 out of top 50 on the list are verified in recent literatures. We also discover some interesting miRNAs, such as hsa-mir-127, hsa-mir-9 and hsa-mir-146b. It demonstrates that our algorithm can not only effectively predict known relationships, but also can predict the potential relationships between diseases and miRNAs.
Breast cancer accounts for three percent of human malignancies and the mortality rate continues to increase over the past years. It is the most common malignancies in women all over the world. Accumulating researches have shown that miRNAs play key roles in breast cancer. For example, some studies have found that the higher expression of mature miRNAs (hsa-miR-103, hsa-miR-21-5p, hsa-miR-141, hsa-miR-25, hsa-miR-30b, hsa-miR-30c, and hsa-let-7i) contribute to breast cancer survival [23] . As shown in Table 4 , 43 out of top 50 are verified by consulting published literatures. The results demonstrate that MDVSI is a useful tool for identifying the potential disease-associated miRNAs.
CONCLUSIONS
Increasing experimental studies have indicated that miRNAs play an important role in various biological processes [24, 25] . Therefore, it is important to effectively identify the relationship between miRNA and disease [26, 27] . While existing experimental methods for miRNA-disease interaction identification are generally time-consuming and unable to apply to large scale datasets. Therefore, it is demanded to develop computational method for predicting miRNA-disease associations.
In the paper, we propose a novel method (MDVSI) to infer relationships between miRNAs and diseases. Firstly, we utilize disease-gene interaction downloaded from HumanNet to calculate disease-disease functional similarity. Then, the miRNA topological similarity is calculated based on miRNA-disease network topological feature. Further, the miRNA functional similarity and miRNA topological similarity are integrated to improve the accuracy of prediction by using recommendation method. In addition, in order to overcome the limitation of recommendation method in predicting interaction of new disease, we propose a new method to predict interactions between miRNAs and new disease based on disease similarity. To evaluate the prediction performance, we compare our method with other two algorithms via using ten-fold cross-validation and de novo test. Experimental results show that our model has superior performance than other compared methods for predicting miRNAdisease associations.
MATERIALS AND METHODS
Datasets
The miRNA-disease association is downloaded from HMDD [28] . In the final, we select 271 miRNAs, 137 diseases and 1,395 miRNA-disease associations as gold dataset. The adjacency matrix A is constructed to represent the relationships between miRNAs and diseases, where Aði, jÞ=1 if miRNA i is associated with disease j, otherwise Aði, jÞ=0. We extract disease functional similarity from Human-Net dataset [29] , which contains 16,243 genes and 476,399 interactions. The assigned score for paired genes in HumanNet represent the gene functional similarity.
The miRNA functional similarity is downloaded from misim [30] . Then, the miRNA-miRNA functional similarity network is described as FM matrix based on the calculated score. The element of matrix FM(i,j) denotes the similarity score between miRNAs i and j.
Methods
We propose a computational framework, MDVSI, for miRNA-disease association identification. In the first step, we calculate disease functional similarity based on disease-gene interaction. Then, the miRNA functional similarity and miRNA topological similarity are calculated based on HumanNet and miRNA-disease network topological feature, respectively. Further, the miRNA functional similarity and miRNA topological similarity are integrated to enhance the reliability of miRNA similarity. Finally, the potential miRNA-disease associations are predicted by using recommendation method. In addition, to overcome the limitation of recommendation method for predicting interaction of new disease, we predict associations between new disease and miRNAs based on disease functional similarity. The flowchart of MDVSI is shown in Figure 3 .
The disease-disease similarity
It has been proved that human disease has close relationships with gene. Therefore, based on the disease-gene association, we calculate the functional similarity of diseases. For the two genes g i and g j , the similarity between g i and g j is defined as follow:
if g i =g j if g i ≠g j , g i and g j connected if g i ≠g j , g i and g j not connected ,
where ewðg i , g j Þ denotes the similarity between g i and g j . ccðg i , g j Þ denotes log likelihood score between g i and g j which is calculated in HumanNet. Given two gene sets G 1 =fg 11 , g 12 , :::, g 1m g and G 2 =fg 21 , g 22 , :::, g 2n g associated with disease d 1 and disease d 2 , respectively. Then, the score between gene g 2j and disease d 1 is defined as follow:
In the same way, the GF d2 ðg 1i Þ can also be calculated.
Finally, the similarity of diseases d 1 and d 2 is defined as follow: The miRNA-miRNA topological similarity
Considering that miRNA-disease interaction may reflect topological feature, miRNA topological similarity is calculated by using CosRA index [31] . The miRNA topological similarity between miRNA i and j is defined as follows:
where k i and k j denote the degree of miRNA i and j, respectively. k x denotes the degree of disease x. a ix represents the interaction between miRNA i and disease x (a ix =1 if miRNA i is related with disease x, otherwise a ix =0). a jx denotes the interaction between miRNA j and disease x (a jx =1 if miRNA j is related with disease x, otherwise a jx =0). p is the sum number of diseases.
Integrate miRNA similarities
In order to improve the reliability of miRNA similarity, we integrate miRNA functional similarity and miRNA topological similarity as follows:
where FM denotes the functional similarity of miRNA. β is the parameter to balance two similarities in fusion process.
Predict potential miRNA-disease association
We predict potential miRNA-disease association based on recommendation method [32] , which is used to calculate the miRNA-target prediction. According to the known relationships between miRNA and disease, the predicted score of potential relationships between miRNA i and disease j is calculated as follows:
Scoreði, jÞ=SM ði, ÃÞ Â AðÃ, jÞ,
where SM denotes the miRNA similarity matrix. A denotes the miRNA-disease association matrix. The higher score is, the closer relationship between miRNA i and disease j is.
Predict interaction between miRNA and new disease
It is well known that the recommendation method is unable to predict new entity (i.e., cold start problem). In order to overcome this limitation, we propose a new strategy for predicting potential interactions between miRNAs and new disease i. For new disease i, the top k most similarity diseases are selected based on disease functional similarity. And then it is considered to be associated with miRNA j if over two similar diseases have relationship with the miRNA j. We use these associations as known knowledge and predict the potential relationships between new disease i and miRNAs by using recommendation method.
